Abstract. Uncertainty in design and simulation affects the quality of product directly during the process of MDO, which should be considered to help designers to make the design decisions, especially at conceptual design stage. In traditional approaches, this uncertainty is ignored in the hope that it is not significant to the decision making. In this investigation, firstly, three main uncertainties in MDO of conceptual design are pointed out and carefully analyzed. Then, an innovative methodology integrating extract knowledge and probabilistic method to manage these uncertainties is presented. Considering practical application and eliminating the uncertainty in configuration, we propose a promising method combining Fuzzy c-means algorithm (FCM) and Rough Sets theory (RST) to deduce the configuration rule. Furthermore, probabilistic kriging model is utilized as an approximation model to reduce global computational expense of complex product. Sensitivity analysis (SA) is used to reduce uncertainty of inputs of simulation, and mean square error (MSE) is employed to assess model error to reduce model uncertainty. Finally, the validity and necessity of this methodology are demonstrated through the conceptual design of bulk carrier.
Introduction
Generally, conceptual design is perhaps the most crucial task in the whole product development cycle; however, it is very difficult to accomplish [1] . Consequently, many advanced technologies and methods have been developed and applied at this stage, such as concurrent engineering, collaborative design [2] and Multidisciplinary Design Optimization (MDO) [3] . MDO is a famous methodology for the design of complex coupled systems in which the synergistic effects of coupling between various interacting disciplines are explored and exploited at every stage of the design process, especially in the conceptual product design. However, because conceptual design has little information, knowledge and tools to use to assist designers in making design decision under uncertain environments, the inherent uncertainty may influence the conceptual design quality negatively. Subsequently, to keep a high level of design quality, the uncertainty must be investigated carefully in engineering design. In this paper, the primary uncertainty resources will be analyzed and studied. Three main uncertainties must be carefully studied and be reduced to a certain extent, to guarantee the design quality:
uncertainty of configuration Usually, designers have to determine configurations of product in conceptual product design, while taking into account the coupled correlation of different disciplines. How to choose the correct configurations always makes engineers confused without sufficient information. uncertainty of the parameters that control the design and optimization Parameters/inputs in design, simulation and optimization may not be easily confirmed, because of the characters of conceptual design. These parametric uncertainties can include the uncertainty in a dimension of the design, the cost of an item in the system, or the requirement on the performance of the system [4] . uncertainty of the approximation model in MDO Approximation model is used for the purpose of reducing computation expensive and implementing simplified computation, inevitably, it has its own uncertainty. Design of experiment (DOE), confirmation of parameters' value, computation precision and so on will indefinitely affect approximation model. Thus, model uncertainty has always been included in MDO. Objectively, these uncertainties exist at the preliminary design stage in MDO. As mentioned earlier, the three kinds of uncertainty ordinarily make designers confused, and result in unexpectable design that may not consist with the practical requirements. Martin has pointed out the importance of studying uncertainty in MDO, and presented a methodology to manage it by constructed kringing models of subsystems [4] . In this paper, a relative intact methodology is proposed for deducing design knowledge and managing uncertainty for MDO. In order to reduce uncertainty of configuration, a promising approach integrating Fuzzy c-means algorithm (FCM) and Rough Sets Theory (RST) is introduced to extract design rules. To manage the uncertainty of parameters and approximation models, an advanced probabilistic kriging model is utilized as a approximation model for MDO, sensitivity analysis is used to decide the main parameters that affect the whole model efficiently, and mean square error (MSE) is adopted to estimate model parameters and assess model uncertainty. The remainder of this paper is organized as follows. In Section 2, basic theories and applications of the proposed approaches are introduced. In Section 3, a conceptual design of Handymax bulk carrier is taken as a case study to prove validity and necessity of this methodology. Conclusions are given in Section 4.
Background of Correlative Theories
In this proposed methodology, an approach integrating FCM and RST is employed to eliminate the uncertainty of configuration in MDO, and probabilistic kriging model is adopted as a response surface that reduces computational expense and satisfies the computational precision simultaneously during MDO process in conceptual design. In this section, the correlative theories utilized in this proposed methodology are introduced.
Discretization of attributes by fuzzy c-means algorithm (FCM). Rough Sets Theory (RST), which is a relative new tool to deal with vagueness and uncertainty inherent in decision making, is innovatively utilized in MDO process, in order to deduce configuration rules of the design that can provide much help for design to make design decision. However, RST cannot deal with the continuous attributes, which is the disadvantage of this theory.
Fuzzy c-means clustering algorithm (FCM) is an improved algorithm of k-means clustering, first proposed by Bezdek [5] . Compared with other algorithms, it does not need lots of the user's experience except for the number of clusters assigned by the user at the beginning. Consequently, applying FCM to discretization of features is the appropriate approach.
Calculation configuration rules with RST. Pawlak has defined the notion of an information system in his literature [6] . In this paper, an information system of objects (the given equipments or subsystems of multidisciplinary product) is denoted as ( , , , ) S U A V f = , where U is a finite nonempty set of the selected objects; A is a finite nonempty set of attributes of these given objects; V is the domain of α , in which A α ∈ ; f is an information function :
The decision table of objects is defined as:
, where , , , U A V f are the same as the ones defined in the information system; { } d is a finite set of decision attributes of the given objects.
In information system, to every subset of attributes M A ⊆ , a binary relation, denoted by ( ) IND M , called the M-indiscernibility relation of these selected objects, is defined as follows:
M A ⊆ and X U ⊆ , then M-lower and M-upper approximation of X is defined as follows:
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The discernibility matrix of M is defined as follows:
and the discernibility function ( ) f M is defined as: ( , ) ( ) ( , ).
The discernibility matrix and the discernibility function are used to extract the minimal reducts from the decision tables of the given objects. Generally, when configuration of design is accomplished, simulation and analysis ought to be operated in succession. Consequently, analysis parameters uncertainty and model uncertainty in optimization must be researched. Construction of kriging model as approximation model. The use of kriging models as approximating the mapping process of a deterministic computer model is becoming more and more popular than traditional polynomial response surface model [7] , because of its flexibility to approximate many different and complex response functions, and its ability of interpolating the observed or known data points under uncertainty environment. A kriging model is usually defined to model the deterministic computer response Y(x) as:
And k denotes the number of the basis function in regression model， ( ) Y x is the unknown function of interest, ( ) F x is a function of x , β is the regression coefficient vector, and ( ) Z x is assumed to be a Gaussian stationary process with zero mean and covariance: 2 ( , ) ( , ), , 1,..., .
where m denotes the number of the experiments points (sampling points) in the design space of the product, ( ) R ⋅ is a correlation function and 2 σ is the process variance. The first part of Eq.(13) is a simple linear regression of the data, which models the drift of the process mean over the domain of the design space, and is similar to the polynomial model in a response surface model (RSM). The second part of Eq.(13) models the deviations from the linear model, which modifies the response surface through the data by weighing the correlation of nearby points, which is sampled in the design space of MDO.
In this paper, the construction of a kriging model as an approximation model for product conceptual design can be explained as follows:
For a certain experimental design such as Latin hypercube sampling (LHS), a set of sampling points are generated as: 1 2 { , ,..., } .
where p Ω is the set of all possible inputs to the model that result in an output, or the domain of the computer model in this MDO process, and p is the number of the design variables for this product . Thus x is a n p × design matrix. The resulting outputs from the function to be modeled are given as: 
subject to the unbiasedness constraint,
From Eq.16 the unknown parameters β and 2 σ can be estimated:
where F is a vector including the value of ( ) F x evaluated at each of the sampling points in design space:
and R is the correlation matrix, which is composed of the correlation function evaluated at each possible combination of the sampling points:
However, before calculating β and σ , first the unknown parameters of the correlation function have to be estimated by using maximum likelihood estimation (MLE), they would result from the minimization of
which is a function of only the correlation parameters and the response data. For the estimation of these parameters, the best linear unbiased prediction of the response is The second part of Eq.(25) is in fact an interpolation of the residuals of the regression model. Consequently, all response data will be exactly predicted in the whole response space of this MDO process.
The random process portion of the model uses a correlation function to modify the model through the observed locations in the domain. Ordinarily, a correlation function is selected: ( , ) ( )
, and a product correlation rule is used for mathematical convenience:
This formulation provides more flexibility in selecting the correlation function parameters for each input dimension independently in the design space of the decided product. The next section includes the introduction of the proposed methodology and its detailed application steps.
Case Study
In this section the proposed methodology to manage uncertainty for MDO in conceptual design is implemented, and many advanced technologies are used, such as FCM, RST, kriging, for controlling the uncertainty of the whole process of the MDO at the early design stage. A Handymax bulk carrier is taken for example to prove the validity and necessity of the novel methodology. As main engines (ME) are the heart equipment on ships, ship designers attach importance to selection of ME in conceptual ship design. Thus, selection of ME is mainly discussed in this case study to prove the practicality of the methodology for multidisciplinary configuration. 16 ships are searched by flexible fuzzy method from the ship data warehouse containing 123 constructed ships. Table 1 . Decision table of different ME. Table 1 presents the decision table that consists of these engines with concerned discretized features and designers' comments, in which some continuous attributes have already been converted into discrete ones by using FCM. "Comment" in Table 1 presents the impact degree of ME affecting the ships' performances, which is decided by the experimental designer in the previous ships design. Three decision rules are acquired from Table 1 by using RST as follows: Rule 1: If oil consumption is low, then Comment is Good; Rule 2: If oil consumption is high, then Comment is Bad; Rule 3: If oil consumption is normal, then Comment is Good or Bad. These rules indicate which features of ME affect the whole ship most, and which one is able to provide positive impact on the ship's performance. As a result, oil consumption is the core of the ME decision table, and the most significant element that impacts on the whole performance of the ship. In effect, ship owners are concerned about the profit brought by ships. Once ships have been constructed, undoubtedly, the oil consumption of ME is one of the important factors that affect on the cost of transport. Lower oil consumption ME can save more energy, sequentially, strengthen enterprises' competitive power. As a result of configuration, the equipments such as, ME (MITSUBISHI 7UEC52LS), coupling, diesel generator (1000kW×3), Emergency generator (200kW×1) and shaft, and primary hull design are confirmed. Considering the relationships of various disciplines and the practical design requirements, the ship main design variables are identified in Table 2 . The design process establishes the whole system that concentrates on the propulsion, oil consumption, ship length, ship breath and so on to accomplish the goal of gaining maximal ROI (i.e. the minimal value of the cost of full load per day). To support both probabilistic analysis of identified solutions and probabilistic optimization to improve design quality, seven random variables are added to the problem as defined in Table 3 . Since these variables may be fluctuant in the voyage state, and they impact the design quality directly, the seven random variables must be carefully considered in this MDO process. Then, four constraints (voyage range, bending stress, shear stress, stability factor) are listed in table 4, which are the restrict requirements and obligatory specifications of this conceptual bulk carrier.
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To construct these models, a Latin hypercube DOE with 75 sampling points is executed. As an example of the models produced, voyage range is plotted versus fuel weight the bulk carrier loaded and water plane area in Fig. 1 . This kriging model is presented along with the actual data. The kriging model nearly captures the shape of the actual data exactly. Note that the kriging model in Fig.1 is generated by executing the kriging model over a different set of points than those used to fit the model; since a kriging model will interpolate the original data points, predictions at those point will not truly represent the shape of the model for untried points. Table 4 shows the result of input uncertainties of this MDO problem. The remaining uncertainty in the outputs is caused by the model uncertainty introduced by the use of probabilistic kriging models. In this paper, the value of model uncertainty equals to total amount of uncertainty subtracts input uncertainty. Thus, the resulting model uncertainty is 1-0.961=0.039. Obviously, the model uncertainty of this MDO problem is reduced largely by this approach, and the input uncertainty is also quantified clearly in the resulting table. The validation and necessity of the proposed methodology are well proved by this example of conceptual bulk carrier design. It is proved that the novel methodology can help designers to manage uncertainty and make design decision during MDO in conceptual design.
Conclusion
In this paper, a promising methodology is proposed, which manages uncertainty from three aspects for MDO in conceptual product design. In this methodology, a suitable approach combining FCM and RST is applied to handle the information about similar design products in the past for getting configuration rules. To reduce the uncertainty of inputs of the approximation model, SA is utilized to analyze the importance of the different inputs that influence the whole model. Furthermore, in order to reduce the uncertainty of approximation model, assessment of the uncertainty of probabilistic model is introduced to improve the kriging approximation model. The whole methodology is a dynamic process to reduce uncertainty to a large extent. The validity and benefit of this proposed methodology is correctly proved. The results show that this novel methodology can successfully reduce uncertainty for MDO in conceptual design, effectively reduce the dependence on engineers' knowledge, and cut down the product cost and time.
